ABSTRACT Compared with conventional two-step localization algorithms which are implemented by initially estimating localization parameters and then calculating the target position, the performance of direct position determination (DPD) algorithm is superior in terms of high estimation accuracy and strong resolution capability. DPD algorithms can make full use of the characteristics of signals to improve positioning performance. Using this localization mechanism as basis, this study develops a novel DPD algorithm that profits from the characteristics of orthogonal frequency division multiplexing (OFDM) signals based on the time and angle of arrival. First, the DPD optimization model is constructed based on maximum likelihood criterion and the characteristic of multiple carrier modulation technique of OFDM signals. Then, an extended subspace data fusion-based DPD algorithm is developed by constructing and decomposing the extended covariance matrices. The algorithm fuses the extended subspace data to estimate the target position without calculating the intermediate variables, which is less complex and more efficient. These properties can avoid the limitations of two-step algorithms. The last but important result is a derivation of the closedform expression of Cramer-Rao lower bound (CRLB) on the position estimation variance for OFDM sources. Simulation results show that, the algorithm proposed in this paper outperforms existing DPD algorithms and conventional two-step localization algorithms. Especially under the condition of low signal-to-noise ratio, its localization accuracy is close to the CRLB.
I. INTRODUCTION
Wireless target location technology, which is widely used in emergency rescue, safety management, and navigation planning, is of great value in military and civilian fields. The abundant studies published on this subject indicate that this field has attracted the attention of scholars in the academe and the industry. Orthogonal frequency division multiplexing (OFDM) technology in wireless communication has high spectral efficiency and superior anti-jamming properties. This technology has been widely adopted in many wireless standards, such as IEEE 802.11 a/g/n wireless local area network (WLAN), long-term evolution (LTE), acoustic communication, and digital video broadcasting (DVB). As the OFDM technology has been widely used, there are increasing number of transmitters sending OFDM signals. With the increasing demand of wireless location-based services by the transmitter, it is valuable to further investigate the accurate localization for OFDM sources.
Conventional localization methods utilize a two-step framework, wherein measurement parameters, such as time of arrival (TOA) [1] , angle of arrival (AOA) [2] , and time difference of arrival (TDOA) [3] , are first extracted before the source positions are estimated. Proper use of the characteristics of OFDM signals will help improve the accuracy of the measurement parameters, such as the method that proposed by A. Makkiin [4] obtains super-resolution TOA for OFDM signals. C.Mensing and R.K.Martin use the pilot and cyclic prefix data of OFDM signals to improve the estimated accuracy of TDOA [5] , [6] . Liang Chen and Ziming He design methods to increase the accuracy of target location in practical application for DVB and WLAN with OFDM technology respectively [7] , [8] . A joint estimation of TOA and DOA based on the extended subspace is proposed by Ba Bin with employing orthogonal frequency division [9] . This approach can obtain super-resolution estimation when the number of array sensor is small. Although the parameter estimation algorithms designed for OFDM signals can increase the accuracy of results obtained in the first step [10] - [13] , the localization algorithms in the second step cannot exploit signal characteristics. This finding is attributed to the limitations of conventional two-step methods. First, the measurement parameters are acquired separately and independently from each receiver in the first step, disregarding the intrinsic constraint that the measurements are consistent with the same target position, thereby leading to loss of location information. Moreover, processing errors are inevitably involved in the step-by-step calculation. Therefore, the two-step method is suboptimal, failing to achieve the best positioning performance [14] .
Unlike the conventional two-step approach, direct position determination (DPD) algorithms that have been proposed in recent years do not need to estimate measurement parameters and perform step-by-step calculation of the position. These algorithms can directly acquire the source position from sensor outputs in a single step. The DPD method outperforms conventional two-step methods in terms of localization accuracy, especially under low signal-to-noise ratio (SNR) conditions. This superior functionality of DPD is attributed to its ability to avoid loss of location information. Given their superior performance, DPD algorithms have been extensively studied in the past decade [15] - [26] . The maximum likelihood (ML)-based DPD algorithm was developed for different location scenarios [15] - [20] . ML-DPD algorithms can approach the CRLB. However, these algorithms involve extensive computation load, especially when dealing with multiple sources with unknown waveforms. Thus, the subspace data fusion-based DPD algorithm [21] , [22] was developed by fusing the noise subspaces of all receiver arrays aims to localize multiple sources via a low-dimensional search. Given that DPD directly employs sensor outputs to localize targets, certain signal properties can be exploited to improve localization performance. Thus, DPD algorithms designed for the constant modulus, noncircular and cyclostationary properties of the received signals achieve improved localization results [23] - [25] . However, to the best of our knowledge, DPD methods that exploit the property of OFDM signals remain few. The method proposed for OFDM transmitters in [26] localizes the target in a complex environment, but it does not extract valid signal properties to improve localization accuracy. Therefore, DPD algorithms for OFDM signals require further investigation to meet the growing localization demand for widespread OFDM transmitters.
In summary, the two-step localization algorithm for OFDM transmitters cannot obtain an optimal performance because of its limitations. In addition, an effective DPD algorithm that can improve the location accuracy by using OFDM signal properties has not been developed. Thus, based on the existing DPD methods, this study presents a novel DPD algorithm that profits from OFDM signal properties along with TOA and AOA to achieve improved positioning accuracy. This objective has considerable practical significance.
The contributions of this paper can be summarized as follows.
1). The DPD model proposed in this study employs the characteristic of multiple carrier modulation technique of OFDM signals, thereby extending the virtual array aperture of the receivers. This approach results in high positioning accuracy when the number of array sensors is small.
2). A DPD algorithm based on extended subspace data fusion (ESDF) is developed by constructing and decomposing the extended covariance matrices. The algorithm reduces the estimated parameters, resulting in less complex and more efficient. This algorithm can solve the localization problem in complex multipath environments, which are highly applicable.
3). The closed-form expression of CRLB on the position estimation variance for OFDM signals is derived, which can be considered a valid benchmark for evaluating the best localization accuracy the DPD method can reach.
The rest of this study is organized as follows. Section II lists the notations used throughout the paper. Section III describes the signal model for OFDM signals and formulates the problem. Section IV derives ML-DPD estimators first and then proposes the ESDF-DPD algorithm for OFDM signals. In Section V, the closed-form expression of CRLB on the position estimation variance is derived. Section VI presents several numerical simulations to validate the accuracy and reliability of the theoretical analysis. Finally, Section VII concludes the paper.
II. NOTATIONS
This section lists some notations used throughout the paper, as shown in TABLE 1. 
III. SYSTEM MODEL AND PROBLEM FORMULATION
This study considers the scenario with P receivers and one stationary transmitter in 2D localization area. All receivers equipped with a linear antenna array have been synchronized. VOLUME 5, 2017 The array is composed of M sensors with the first located at u p = (u p,x , u p,y ), p = 1, 2, . . . , P and the adjacent sensors spaced at d. The transmitter is located at o 0 = (o 0,x , o 0,y ). L scatterers exist around the target, which are located at
The complex signal observed by each receiver consists of a direct path component and delayed components (or delayed paths) reflected by the scatterers. Fig.1 presents a schematic diagram of this scenario. The target transmits OFDM-modulated signal of bandwidth B, which consists of K subcarriers with the frequency interval 1/T . For time synchronization and channel estimation, the pilot tones are used in OFDM systems, which are known prior to the receivers. In IEEE 802.11a/g/n WLAN, LTE, and other systems, the types and transmission modes of the pilot are presented in detail. The block pilot pattern shown in Fig. 2 is most commonly used. In this study, we believe that the transmitters can be distinguished by the physical address, so we just consider the single objective situation with the known pilot signals for the receivers. A pilot tone with data vector
is expressed as
which is a wideband signal made up of multiple carrier frequency distributed with equal interval. Assuming transmitter and scatterers are at a considerable distance from the receivers' sensors, so the plane wave approach is presented. In the multipath channel, the observation signal collected at the mth sensor of the pth receiver is expressed as
where a p,i = a p,i e jϕ p,i is the complex path attenuation, of which the amplitude is a p,i and the phase is ϕ p,i . Since the variation rate of a p,i is very slow as compared with the measurement time interval, it can be treated as timeinvariant random variables with in one snapshot of measurement [29] . So the amplitude is not changed in one snapshot, and the phase is normally assumed random from one snapshot to another with a uniform probability density function U (0, 2π ) [30] .τ p,i is the TOA of the ith path, as shown in (4), ε p,m,i is the time delay of the mth sensor relative to the first sensor, which is expressed in (5).
Given that the OFDM signal formed by the K subcarrier is similar to the form of the IFFT processing, the r p,m (t), after sampling and FFT processing, can be expressed as
We then define
where
T is the complex path attenuation vector. w p,m is the statistically independent complex Gaussian noises whose probability density function is C(0,
where g p,m,i is the steering vector, which can be expressed as
So the virtual array aperture becomes (MK − 1)d and the dimension of the steering vector is K times larger than that of the normal steering vector. Because the DPD method estimate the position of the target directly from the observation signal, the extended steering vector will help for the improvement of localization accuracy. By combining the received data of M elements, the observed signal of the pth receiver can be collected in a MK × 1-dimensional vector as
. . .
wheres = blkdiag{diag{s}, diag{s}, . . . , diag{s}} is the diagonal matrix of pilot signals. We then define
. (12) Relying on the observed data r p acoording to (10), the problem addressed here is to directly estimate the source positions without explicitly computing the AOAs and TOAs. The following section will describe the novel DPD algorithm in detail.
IV. DPD OF OFDM SIGNALS
The DPD algorithm does not need to estimate time delay parameters τ p,i and ε p,m,i . Instead, it substitutes (4) and (5) into (10) to estimate target location o 0 . In the localization method discussed in this study, the pilot data of the OFDM signal is assumed to be known prior to the receivers, but the complex attenuation of each path is unknown. This section first constructs the DPD optimization model based on ML criterion, and then proposes a low-dimensional estimation algorithm based on extended subspace data fusion.
A. DPD OPTIMIZATION MODEL
According to the signal model in Section III, the nth observation at the pth receiver can be expressed as
where N represents the number of observations. The parameters that need to be estimated can be expressed as
is the vector of complex path attenuations, in which a
T is the position vector of the target and scatterers. We need to identify ξ from the measurement vector r p,n to accomplish the source localization task. Based on (13), the received signal r p,n is a complex Gaussian random vector with mean G p,n a p,n and covariance = σ 2 I MK .
Therefore, the probability density function (PDF) can be calculated as [28] f
The corresponding logarithmic likelihood function can be expressed as
Differentiating the f Ln (r|ξ ) with respect to σ 2 yields, then letting
So the estimation of noise power σ 2 iŝ
By substituting (18) into (16) , it can be obtained that (ignoring constant terms)
So the ML estimation of the parameter ξ can be obtained by maximizing f Ln (r|ξ ) [28] , that iŝ
However, one multiparameter, multimode, and highdimensional nonlinear optimization problem should be solved when deal with (20) , resulting in the difficulty of obtaining the closed-form expression ofξ . Solving the problem by exhaustive search involves extensive computational load that limits its practical application. The following section presents an ESDF-based DPD algorithm, which is less complex and more efficient in terms of low-dimensional optimization. VOLUME 5, 2017
B. ESDF-DPD ALGORITHM FOR OFDM SIGNALS
In the localization model proposed in this study, the receiver is composed of a uniform linear array. Thus, we can solve the problem by subspace decomposition method. According to (10) , the covariance matrix of r p can be calculated as
In practical applications, R p is often obtained through sample covarianceR
In (21), R p,a = E aa H is the covariance matrix of a p . R p,a is a non-singular and positive definite Hermitian matrix because a p,i is random and irrelevant to each other. According to (12) , column vector of G p is linearly independent. Thus, G p is a full-rank matrix. Therefore, R p is a positive definite Hermitian matrix and its spectral decomposition can be obtained by
where λ i is the eigenvalue and µ i is the eigenvector. The eigenvalues have the following characteristics:
U p,a = µ 0 , µ 1 , . . . , µ L forms the signal subspace, and U p,w = µ L+1 , µ L+2 , . . . , µ MK −1 forms the noise subspace. Considering that the information of K -subcarrier in OFDM signal is utilized, the virtual array aperture becomes (MK − 1)d, and g(τ p,i , ε p,i ) becomes a MK -dimensional vector, which is K times larger than the normal array response vector. Thus, signal subspace is enhanced and noise subspace is extended, which will improve localization accuracy. According to the definition of eigenvalues and eigenvectors, G p is orthogonal to U p,w . Thus, we obtain the following equation:
Combining the observed data of all receivers, the target position can be obtained bŷ
where (o) is the cost function which can be expressed as
Compared with the previous ML-DPD method, the ESDF-DPD algorithm is less complex and more efficient with low-dimensional optimization. The algorithm avoids searching for the unknown complex path attenuation, and reduces the dimension of unknown position parameters by the subspace orthogonality. In addition, the TOAs and AOAs of the scatterers are not obtained from an actual space position because the TOA consists of the time delay of the scatterer to the receiver and the target to the scatterer. By contrast, AOA is only from the scatterer. Therefore, the DPD method can effectively solve the problem of multipath interference, which only requires 2D search to obtain the target position.
To better present the algorithm, based on the principle derived in this section, the ESDF-DPD algorithm can be implemented as follows. (27) , then calculate the target position byô = arg max o ( o).
Algorithm: ESDF-DPD

Evaluate ( o) according to
C. COMPUTATIONAL COMPLEXITY ANALYSIS
The computational load of the ESDF-DPD algorithm is imposed through autocorrelation matrix calculation, eigenvalue decomposition, and grid search in the position set of interest. TABLE 2 presents the amount of calculation, where L x and L y are the number of grids divided on the x and y axis, and L τ and L ε are the number of grids divided on the time and angel, respectively. The ML-DPD algorithm and the two-step localization algorithm (Two-Step) using OFDM signals are also listed in TABLE 2. Because the particle filter ML-DPD (PFML-DPD) method is better with efficient estimation performance [31] , we add its complexity analysis to TABLE 2 to be compared with our methods. The comparison of the computational complexity shows that the ML-DPD algorithm requires the greatest amount of calculation. This requirement explains the difficulty of achieving its practical application. However, the amount of calculation of the ESDF-DPD algorithm is significantly decreased, as expected. The amount of calculation of the ESDF-DPD algorithm is greater than that of the two-step localization algorithm. However, the two algorithms all obtain the estimation results by 2D search. If L x × L y is similar to L τ × L ε , the ESDF-DPD algorithm only increases the computation for TOA and AOA in each grid, which does not increase computational pressure compared with the twostep localization algorithm. The computational complexity of PFML-DPD method is determined by the number of iterations J and particles Y . In the estimation of high-dimensional parameters, the number of particles is large, so the amount of calculation is still great. In addition, the performance is greatly affected by the initial particles.
V. CRLB FOR THE POSITION OF OFDM SOURCE
CRLB can be considered as a valid benchmark to evaluate the best localization accuracy that the DPD method can reach. This section derives the closed-form expression of CRLB on the position estimation variance for OFDM signals. According to (15) , the Fisher information matrix (FIM) of unknown vector ξ is given by [18] 
Considering that a p = [a p,1 , a p,2 , . . . , a p,N ], we obtain
and
By substituting (4) and (5) into (9), the element of G p,n can be represented as
Thus, when l = 0 and i = 0, we obtain
When l = 0 and i = 1, 2, . . . , L, we obtain
When l = 1, 2, . . . , L and i = l, we obtain
When l = i, the results are
So the F p,n can be got by substituting (33) to (37). We then define
Therefore, the FIM of β can be expressed as [18] 
Combining the information of multiple receivers, the final FIM of β can be obtained by
The CRLB of β is then calculated as
Based on the above analysis, the closed-form expression of CRLB is given by (44), which will be used to verify whether the proposed ESDF-DPD algorithm has asymptotically optimal estimation performance.
VI. SIMULATION RESULTS
This section examines the performance of the ESDF-DPD algorithm proposed in Section IV and corroborates the effectiveness of the CRLB analyzed in Section V. Computer simulations are performed to compare the following three algorithms:
1. The ESDF-DPD algorithm proposed in this study; 2. ML-DPD estimator without OFDM signals proposed in [27] (denoted by ML-DPD(NO-OFDM)), which is based on the TOA and AOA information with the angular spread equal to zero.; 3. Two-step processing estimator (denoted as two-step) for OFDM signals; TOA and AOA estimation using MUSIC algorithm proposed in [9] , and target localization using ML estimator.
We assume that the target is located at o = (0, 0) in a 2D planar geometry. In this scenario, two receivers, located at u 1 = (−500, −500)m and u 2 = (−600, 800)m, are equipped with a uniform linear array (ULA) with M = 3 sensors. The adjacent sensors are spaced at d = 0.5λ, where λ is the wavelength. The total number of observations is N = 64. The parameters of the OFDM signal that the target transmits are shown in TABLE 3. To verify the influence of using OFDM signal characteristics on the positioning performance, the evaluation of the cost functions of ML-DPD algorithm and ESDF-DPD algorithm are obtained in dB scale under the conditions of SNR = 10dB without multipath interference. This process is shown in Fig. 3 . To show the results clearly, the 3D plots and their top views are presented, wherein the x and y axes are position coordinates. Fig. 3(a) and Fig. 3(b) show that the ML-DPD algorithm that does not employ OFDM signal characteristics exhibits a curvature of large radius around the actual source location. An accurate estimation is difficult to achieve. If SNR decreases, the location performance will decline rapidly. Fig. 3(c) and Fig. 3(d) show that the ESDF-DPD algorithm, in combination with the characteristics of OFDM signals, has a sharp peak around the actual target position. The fuzzy region is smaller and the positioning accuracy is higher than that of the ML-DPD algorithm without OFDM signals. This finding shows that the localization performance of the proposed algorithm is improved, which proves the effectiveness of the algorithm. The root-mean square error (RMSE) and CRLB of each algorithm, as a function of SNR, are achieved across 100 Monte-Carlo simulations to further illustrate the localization performance, as shown in Fig. 4 . The localization performance of ESDF-DPD algorithm is significantly better than that of the ML-DPD algorithm. The RMSE of the ML-DPD algorithm is out of the CRLB especially under the condition of low SNR. By contrast, the ESDF-DPD algorithm achieves accurate positioning result with the RMSE being close to the CRLB. Simulation results show the effectiveness of the proposed algorithm because it improves the positioning performance through using the characteristics of OFDM signal.
To verify the advantages of the ESDF-DPD algorithm relative to the two-step localization algorithm, simulation is performed in the OFDM signal transmitter localization in multipath environment. We assume that the number of scatterers is L = 2, which are located at o 1 = (50, 200)m and o 2 = (100, 50)m. The pseudo spatial spectra shown in Fig. 5 are obtained under the conditions of SNR = 0dB. Fig. 5(a) illustrates the TOA and AOA estimation of the two-step localization algorithm. Fig. 5(b) depicts target localization using the ML estimator based on the first arrival path parameters of the two receivers. Clearly, the two-step positioning algorithm can distinguish different path parameters and obtain an accurate localization result. Fig. 5 (c) presents the target localization of the ESDF-DPD algorithm based on one receiver, and Fig. 5(d) shows the target localization based on two receivers. Evidentlypseudo peaks do not exist in the multipath environment based on the ESDF-DPD algorithm, which ensures highly accurate estimation result. The simulation results show that although the OFDM signal characteristics are utilized in the two algorithms, the ESDF-DPD algorithm outperforms the two-step localization algorithm because it has more accurate localization results when there is interference. Thus, the DPD mechanism is proven effective. The RMSEs and CRLBs of the ESDF-DPD algorithm and two-step localization algorithm are obtained across 100 Monte Carlo simulations, as shown in Fig. 6 . The ESDF-DPD algorithm outperforms the two-step localization algorithm. The performance of the two-step localization algorithm degrades severely, especially under the condition of low SNR. By contrast, that of the ESDF-DPD algorithm remains good. Compared with the simulation results in Fig. 4 and Fig. 6 , the ESDF-DPD algorithm has similar localization performance under single path and multipath conditions. This finding indicates that the algorithm has improved adaptability to multipath environment.
The algorithm extends the virtual array aperture by using the characteristics of OFDM signal, making localization more effective with fewer sensors. To verify the performance, we obtain the simulation results of K = 8 and K = 16 subcarriers with M = 2 sensors and L = 2 scatterers, as shown in Fig. 7 . Although the number of sensors is less than the number of paths, the ESDF-DPD algorithm can achieve good localization results, and its performance improves as the number of subcarriers increases. Owing to the expansion of virtual array aperture, the number of sensors and observation times required decrease. The influence of the two parameters on the positioning performance is shown in Fig. 8 . Positioning performance is outstanding under the condition of fewer sensors and observation times. Therefore, the ESDF-DPD algorithm can achieve superior localization performance at smaller array sizes with less volume of data. This finding enhances its practical value and achieves the goal of our work.
VII. CONCLUSIONS
OFDM signals are extensively used in many wireless communication systems. Transmitter localization is worthy of investigation. Based on the DPD algorithm, the OFDM signal characteristics are utilized to improve the target localization performance. This study presents an approximate ML-DPD estimator for OFDM signals and derives the CRLB. To solve the computation pressure caused by the high-dimensional search in the ML method, the ESDF-DPD algorithm is proposed to reduce the computational complexity while ensuring localization performance. Simulation results show that the proposed algorithm outperforms other DPD algorithms and the two-step localization algorithm for OFDM signals. The ESDF-DPD algorithm can achieve better localization performance even when the number of sensors is small, which is of great value in practical applications. 
